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Abstract
Forests are a major and diverse land cover occupying a third of the terrestrial vegetated 
surface; they store 50 to 65% of terrestrial organic carbon (including the soil) and contrib-
ute half to terrestrial productivity. Forest biomass stores close to 80% of all the biomass 
on Earth. As noted earlier, forests play an important role in the Earth system as carbon 
stocks, carbon sinks, mediator of the water cycle and as modifier of land surface rough-
ness and albedo. Moreover, forests play a role as habitat for many species, are an economic 
source of timber and firewood and have recreational value for local populations and touris-
tic visitors. Here, we appraise how ecosystem functions are influenced in particular by bio-
mass and its vertical and horizontal distribution and hypothesize that almost all functions 
are directly or indirectly related to biomass, in addition to other factors. At landscape or 
regional scale, heterogeneity of biomass presumably has an important influence on a vari-
ety of processes, but there are gaps both in quantifying the heterogeneity of forests globally 
and in quantifying the effect of this heterogeneity. Similarly, while the role of forests for 
the global carbon cycle is important, large uncertainties exist regarding stocks, turnover 
times and the carbon sink function in forest, as an analysis of state-of-the-art carbon cycle 
and vegetation models shows. Upcoming global satellite missions such as GEDI, NISAR 
and BIOMASS will be able to address the above uncertainties and lack of understanding in 
combination with modeling approaches, in particular by exploiting information on vertical 
and horizontal heterogeneity.
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1 Introduction
Forests play important biophysical, biogeochemical, hydrological, economic and cul-
tural roles in the Earth system (Fig. 1). Particularly, forests have a central role in the local 
and global carbon and water cycles with feedbacks into the climate system. Typically, an 
increase in forest cover is most often associated with a carbon sink from the atmosphere 
to forest biomass and soils (Guo and Gifford 2002; Houghton et  al. 1999; Scurlock and 
Hall 1998). The impact of forests extends to the hydrological cycle, e.g., via the increased 
interception of water, deeper rooting and thus more extended sustenance of transpiration 
than shallow-rooted vegetation (e.g., grasslands and elsewhere) (Bonan 2008; Ellison et al. 
2017). An extension in forest cover can further impact belowground water resources, as 
well as hydrological flows, via a reduction in groundwater recharge, and less runoff is also 
observed in forested catchments (Zhang et al. 2017). In particular, it has been hypothesized 
that floods are mitigated by forests through a buffering effect (e.g., Dixon et al. 2016 and 
elsewhere). Forests also impact the radiation balance and surface roughness, implying cli-
mate feedbacks which are variable, and can differ between regional and global scales (Betts 
et al. 1997; Bonan 2008). The effects on biodiversity can be both positive and negative, 
and depend on the region and the aspect of biodiversity (e.g., structural, functional, species 
richness and elsewhere), considered (Schulze and Mooney 2012). For example, structural 






























Fig. 1  How a hypothetical increase in forest cover in a landscape will influence various aspects of the Earth 
system regionally and globally. A⟶+B means, when A increases, B also increases. A⟶−B means 
when A increases B decreases. + − indicates variable responses are possible. The colors refer to water 
cycle and geomorphological processes (blue), energy balance and transfers (orange), biological and societal 
aspects (green), and carbon cycle (brown)
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heavily managed even-aged plantations, implying a richer habitat for animal wildlife and 
elsewhere. On the other hand, grazed forests and shrubland systems are often more biodi-
verse than old growth (e.g., beech forests and elsewhere). Hence, it is expected that rather 
the heterogeneity of biomass than the mean biomass itself relates to many ecosystem prop-
erties and functions (e.g., biodiversity and elsewhere). Also, biomass certainly is neither 
the single factor influencing ecosystem properties and functions, but rather plant traits and 
their spatial arrangement and temporal dynamics in the ecosystem (e.g., Reichstein et al. 
2014a, b; Yguel et al. 2019).
Ecosystem services are defined as the benefits people obtain from ecosystems (Millen-
nium Ecosystem Assessment 2005)—via their functioning. Despite the clear difficulty in 
quantifying the global benefits of such an ubiquitous good, the economic value of forest 
ecosystem services has been estimated to be up to more than 10,000 Int$/ha/year (Inter-
national dollars per hectare per year, De Groot et al. 2012) only for currently known and 
discovered services. Yet, certainly by far not all of these values are accounted for in regular 
markets and some values, such as medicinal plants and animals in tropical forest, are even 
yet undiscovered (Balunas and Kinghorn 2005). And also, the perceived cultural value 
of forests is not uniform and depends on region, culture and historical epoch. For further 
insight, the reader is referred to Bengston (1994).
In this short paper, we provide a concise overview of the links between forest biomass 
and major ecosystem functions with emphasis on carbon cycle aspects. We further illus-
trate how major processual uncertainties are emerging in global modeling approaches, with 
emphasis on diagnostics in the global carbon cycle. We finish by highlighting the potential 
of new Earth observation (EO) data streams to constrain such uncertainties, which will 
gain from synergistic approaches with complementary data streams for a better understand-
ing of Earth system dynamics.
2  Forest Biomass and Ecosystem Services
Many of the mentioned effects and ecosystem services of forests are not directly observ-
able spatially at the global scale or even at regional scales. For instance, photosynthesis 
or transpiration cannot be directly observed, but inferred via modeling biophysical rela-
tions (Running et al. 2004). Yet, with satellite missions, in particular upcoming LiDAR and 
RADAR missions, aspects of forests’ structure and functioning can be inferred and corre-
lated with the effects briefly discussed above. The relation between land carbon storage and 
biomass is trivial, since biomass simply is part of total ecosystem storage. Globally, more 
than 75% of biomass is stored in forests (Bar-On et al. 2018). Current estimates show that 
the proportion of carbon in biomass and in soils varies between biomes and is highest in 
tropical forests (Cveg/Csoil ≈ 0.45), while in high-latitude boreal forests the soil carbon stor-
age can overtake vegetation carbon stocks (Cveg/Csoil ≈ 1/12) (Carvalhais et al. 2014). There 
is no unique relationship between the current carbon sink and the biomass stock. While 
classical theory predicts that forests reach an equilibrium after a certain time (Odum 1969), 
empirical evidence points to carbon sinks in even old-growth forests (Luyssaert et  al. 
2008). Also, it is easy to build plausible theories and models which predict an absence of 
a dynamic equilibrium state (steady state) in the soils (Reichstein et al. 2009; Wutzler and 
Reichstein 2008). These models simply have to relax the classical assumption of first-order 
decay kinetics. Interestingly, forest age and species diversity has been shown to dampen the 
interannual variability of gross carbon uptake, which is likely also related to the vertical 
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structure and horizontal heterogeneity of the forest, but also to belowground heterogeneity, 
although the mechanisms have to be further investigated (Musavi et al. 2017).
Despite the sociocultural role of forests, the concrete relation of the biomass variable to 
cultural value has to our knowledge not been explicitly empirically studied. Yet it can be 
hypothesized that the cultural value in industrialized countries increases both with increas-
ing biomass and increasing structure, today, because these forests are relatively rare there. 
One hypothesis to test is that protected forest areas have larger biomass and larger hetero-
geneity than non-protected areas (already at the start of protection). As mentioned above, 
the cultural value is certainly very much society dependent—for instance the tropical for-
ests sometimes have connotations of being dangerous, and in the past “the dark forest” was 
also associated with danger, e.g., in fairy tales (Lüthi 1986 and elsewhere), negating a high 
value of forest in former times. However, in society it has been clear the imperative charac-
ter of quantifying the present and predicting the future of forests. Observation and simula-
tion research has been developed in different directions, e.g., biodiversity, productivity and 
most recently on the biophysical–chemical feedbacks in the Earth system. In this aspect, 
the description of the global carbon cycle has been having a central role, especially due 
to the relevance in prognostics and to the apparent uncertainties in the current knowledge 
(Friedlingstein et al. 2006, 2013).
3  Uncertainties Related to Carbon Cycle Aspects
Generally, in dynamic global vegetation models (DGVMs) and global circulation models 
(GCMs), biomass emerges as the long-term net integral of carbon gains via gross primary 
productivity (GPP) and losses through autotrophic respiration, litter fall and plant mortal-
ity. Changes in vegetation biomass stocks are tightly linked to the interannual variability 
and decadal trends in net ecosystem C fluxes, given the source–sink strength controls dur-
ing forest growth trajectories and the substantial emissions of C to the atmosphere from 
forest disturbances (for a global synthesis see Bonan 2008). At the global scale, the net car-
bon sink modeled by DGVMs is still very uncertain but is now consistent with the atmos-
pheric growth rate (Le Quéré et al. 2017 and elsewhere). Yet, spatial distribution is much 
more homogeneous than, for example, observed at flux sites (Fig. 2). There may be several 
possible reasons for the difference, including spatial aggregation to larger grid cells, which 
caused the higher variability in ecosystem in local (~ 1  km2) development stages across 
sites to be dampened (averaged out) for modeled grid cells (~ 2500 km2) that encompass 
different development stages. Likely, that moderate-resolution biomass change estimates 
from upcoming missions will also provide an independent benchmark to this mismatch in 
variability in net carbon balance. However, even at larger scales, substantial uncertainties 
are observed in different regions (Table 1). 
Globally, depending on the modeling ensemble, the estimated global vegetation carbon 
stocks can deviate from observations on average from 14 to 27%, i.e., for the CMIP5 (Tay-
lor et al. 2012) and TRENDY1 ensembles, respectively. Noteworthy is the spread within 
the modeling ensemble. The ensembles can range from 62 to 70% (range over mean) for 
the CMIP5 and TRENDY, respectively. In general, the lower the bias in modeled biomass, 
the better the models capture the global spatial variability that widely spans across biomes 
1 http://dgvm.ceh.ac.uk/node/9.
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(Table 2). But for some regions, even in large geographic regions, the biomass stocks can 
range more than three times across the TRENDY models, as for example in Central and 
South America (Li et  al. 2017). Particularly in the tropical forests, Negron-Juarez et  al. 
(2015) highlight that the limitations in modeling the C allocation of net primary produc-
tions propagate to errors in biomass estimates from CMIP5 models. Further, this analy-
sis reveals that biomass steadily increases with NPP, while observations show a saturation 
effect, emerging from shorter turnover times of highly productive forests, or lower wood 
density of fast growing species. This strong relationship between biomass and productiv-
ity in models compared to observations is also apparent outside of the tropical regions 
(Fig. 3), even if the patterns may be confounded by varying forest fraction in the grid cells. 
This needs to be further investigated. The relationships strongly vary across models, but 
throughout the majority of them temperature appears to impose the sensitivity on the Cveg 
to GPP relationship, which in nature could be related to controls on respiratory processes 
Fig. 2  Distribution of net ecosystem exchange (NEE) as modeled by a state-of-the-art dynamic global veg-
etation model (DGVM) and as observed at eddy covariance sites
Table 1  Ecosystem services and how they are related to overall biomass and its vertical and horizontal vari-
ability
Ecosystem service Relation to mean biomass Relation to vertical structure Relation to horizontal 
heterogeneity
Carbon storage Direct relationship, 
Cstorage ~ 0.5 × biomass; 
soil C and coarse woody 
debris not
Vulnerability? Vulnerability?
Carbon sink Biomass changes directly 
related, not directly 
related to stock itself
Variability decreasing? Variability decreasing?
Biodiversity Unclear Positive effect Positive effect
Cultural value (indus-
trialized countries)
Often positively related Often positively related Often positively related
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(Amthor 2000), to gradients in tree cover imposed by precipitation and groundwater, or to 
increasing mortality patterns associated with drought or heat (Thurner et al. 2016).
The contrast between modeled and observed biomass, once fluxes are known, highlights 
discrepancies in simulating loss processes in C cycle models. Regionally, the spatial pat-
terns of background mortality in temperate forests can be associated with climatic drought 
or with potential frost damage in boreal forests (Thurner et al. 2016), but these patterns do 
not emerge in state-of-the-art DGVMs (Thurner et al. 2017). Model-based approaches have 
also shown the 50% reduction in turnover times of carbon in biomass via land use (Erb 
et al. 2016). Hence, the mismatch between observed and modeled carbon cycle dynamics 
could explain the disagreement in estimates of forest biomass, although it can also emerge 
from the challenges in simulating human-driven land use land cover change dynamics, 
which impose ~ 50% reductions in forest carbon stocks at the global scale (Erb et al. 2018). 
These estimates imply that, using a bookkeeping approach and assuming no climate effect, 
land use change emissions have been thrown into the atmosphere circa 375 to 525 PgC. 
A model ensemble-based estimate, using contemporaneous biomass estimates to constrain 
modeled trajectories regionally, estimates that one-third of these emissions occurred in the 
last century (155 ± 50 PgC; Li et al. 2017).
Processes controlling the turnover times of carbon have been shown to be the high-
est structural discrepancy between models in projections of forest carbon cycle (Friend 
et  al. 2014). Also in CMIP5 models, despite the moderate to substantial agreement 
between GPP and biomass patterns, the modeled turnover times of carbon in vegeta-
tion (Tveg) compared poorly with observations (Tveg = Cveg/GPP; Carvalhais et al. 2014). 
Globally, the correlation between Tveg and tree cover fraction is significant across the 
CMIP5 models, though it can range between 0.50, i.e., inmcm4, and 0.88 in the Max 
Planck Institute for Meteorology Earth System Model at Low Resolution (MPI-ESM-
LR). However, between different tree cover ranges the relationship between tree cover 
and Tveg can change substantially (Table  3). These can emerge from different climate 
Table 2  Comparison between models and observation-derived estimates of biomass density (Cveg, kg C/
m2) per bioclimatic class (Kottek et al. 2006) on the mean (AVG) and on the ranges (percentile 10, P10, 
percentile 90, P90)
The relative differences (RD, shown in percentage) are estimated on the mean (AVG) and on the ranges 
(RANGE)
Bioclimatic class Observation based CMIP5 models RD [%]
AVG P10 P90 AVG P10 P90 AVG RANGE
Tropical wet 12.2 9.4 15.0 16.4 8.9 26.6 34 218
Tropical dry 4.2 3.2 5.1 5.9 4.4 7.3 41 51
Arid 1.5 1.2 1.7 1.2 0.2 2.5 − 18 302
Temperate humid 3.8 2.9 4.6 4.6 2.6 7.1 23 171
Temperate dry summers 2.1 1.7 2.5 2.7 1.2 4.3 29 264
Temperate dry winters 6.0 4.7 7.3 5.6 3.6 7.4 − 8 44
Snow humid 2.1 1.5 2.6 3.2 1.4 6.5 56 376
Snow dry summers 2.3 2.0 2.7 1.5 0.6 2.7 − 34 219
Snow dry winters 2.1 1.6 2.6 3.4 1.5 6.1 63 360
Polar 0.6 0.5 0.7 0.5 0.1 1.5 − 9 658
Global 3.4 2.6 4.2 3.8 2.6 5.3 12 78
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effects on modeled dynamics affecting mortality and, consequently, tree density. For 
instance, the pattern of the relationship between vegetation carbon turnover times and 
temperature across the CMIP5 models differs substantially (Fig. 4a), even showing con-
trasting patterns: see, for example, the Geophysical Fluid Dynamics Laboratory Earth 
System Model, with generalized ocean layer dynamics (GFDL-ESM2G) compared with 
the Hadley Centre Global Environmental Model, version 2, Earth System (GEM2-ES) 
below 0 °C; or the strong control of precipitation on Tveg beyond 20 °C for only half of 
the models (i.e., CanESM2, CCSM4, IPSL-CM5A-MR, MPI-ESM-LR and NorESM1-
M). At global scales, the controls on Tveg do not emerge exclusively from mortality 
dynamics, but also from carbon allocations strategies and the controls of autotrophic 
respiration patterns. It would be expected that carbon use efficiency (CUE = NPP/GPP) 
correlates positively with Tveg, though if the spatial patterns of CUE mostly emerge 
from changes in tree-to-grass continuum, the emergent pattern should be opposite, since 
CUE of herbaceous vegetation is higher though its turnover is lower when compared to 
woody vegetation. But this relationship seems to be far from agreement across models 
as well (Fig. 4b): In some cases across temperature ranges the CUE seems to be posi-
tively related to Tveg (i.e., CanESM2 and MPI-ESM-LR), in other cases it is negatively 
associated (i.e., bcc-csm1-1, HadGEM2-ES, IPSL-CM5A-MR, MIROC-ESM), while in 
other cases the patterns are inconclusive (i.e., CCSM4, NorESM1-M). It is worth not-
ing that CUE, despite the lesser association Tveg when compared to tree cover fraction 
(Table 3), strongly differs between modeling approaches, even showing opposite signs 
at the global scales. Both MPI-ESM-LR and HadGEM2-ES show a strong rank cor-
relation between tree fraction and Tveg, but show opposite relationships in CUE-to-Tveg, 
likely underpinning the contrasting patterns of Tveg with different covariates (Fig.  4). 
These patterns emphasize that a primary focus on vegetation mortality dynamics, from 
which tree density and other ecosystem properties emerge, should not cast shadow on 
the importance of understanding the controls carbon allocation and respiratory costs 
have in predicting long-term changes in turnover times of carbon.
Table 3  Spearman rank partial correlation (r) between Tveg and CUE, and between Tveg and tree cover frac-
tion (f_tree) across CMIP5 models globally ([0 100]) and for different ranges of tree cover
Temperature and precipitation were used as control variables, and when calculating the correlation between 
Tveg and CUE, f_tree is considered also as a control variable, and vice versa. Only p values higher than 0.01 
are reported
Model X Tree cover [%] interval
[0 100] [0 25] [25 50] [50 75] [75 100]
HadGEM2-ES CUE − 0.23 0.03 (p = 0.248) − 0.47 − 0.04 (p = 0.349) 0.06 (p = 0.283)
f_tree 0.84 0.54 0.39 0.42 0.29
inmcm4 CUE 0.18 0.35 0.38 0.31 0.14 (p = 0.010)
f_tree 0.5 0.44 0.27 0.16 − 0.10 (p = 0.077)
IPSL-CM5A-MR CUE − 0.29 − 0.26 − 0.26 − 0.08 (p = 0.104) − 0.16 (p = 0.006)
f_tree 0.68 0.65 0.19 0.31 0.27
MIROC-ESM CUE − 0.14 − 0.38 − 0.34 − 0.02 (p = 0.698) − 0.04 (p = 0.337)
f_tree 0.58 0.61 0.17 0.12 0.05 (p = 0.225)
MPI-ESM-LR CUE 0.27 0.33 0.27 0.23 0.56
f_tree 0.88 0.7 0.5 0.68 0.6
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Each of the CMIP5 models originates from a different Earth system modeling group, 
team, or even country, and can differ in terms of spatial representativeness as well as in 
process integration and representation. For instance, models may differ in terms of spatial 
resolution and number of layers and depths used to simulate water and energy fluxes in 
the soil. In terms of ecosystem dynamics, three models do not include dynamic vegeta-
tion components (i.e., do not explicitly simulate the processes of vegetation mortality and 
succession; bcc-csm1-1, CCSM4 and NorESM1-M, the latter two force it with land use 
land cover change datasets); with the exception of Inmcm4, all models embed a representa-
tion for crop dynamics; only four models do not include pastures (bcc-csm1-1, CanESM2, 
Inmcm4 and IPSL-CM5A-MR); and only four include wood harvest (CCSM4, GFDL-
ESM2G, MPI-ESM-LR and NorESM1-M); and three include deforestation (GFDL-
ESM2G, Inmcm4 and MPI-ESM-LR). In addition, the description of processes of pho-
tosynthesis generally relies on Farquhar and Sharkey (1982), or similar representations, 
but other processes that control the stocking of carbon in vegetation, like autotrophic res-
piration, litterfall and other metabolic processes, lack a unifying or generally acceptable 
framework. Apart from the similarities between CCSM4 and NorESM1-M, which may 
stem from the fact that Nor ESM1-M is partly based on the CCSM4 (Tjiputra et al. 2013), 
the description of qualitative differences between models falls short in understanding the 
reasons behind the wide diversity in the relationships between stocks and fluxes, or on the 
responses of Tveg to climate or CUE across models.
Overall, repeated biomass measurements are key observational constraints on models 
for both contemporaneous and prognostic simulations of the global carbon cycle. The abil-
ity to converge on future projections of the coupled carbon–climate cycle requires a bet-
ter understanding of phenomena and mechanisms controlling the mortality dynamics of 
vegetation, as well as processes leading to changes in allocation of assimilates to organ 
growth and maintenance processes. Here, probably, simulation approaches that omit land 
use land cover change dynamics, or the target of processes outside that realm, require that 
DGVMs and GCMs should better compare with patterns of potential biomass (Erb et al. 
2018; Exbrayat et al. 2017). Furthermore, continuous monitoring approaches have unique 
information content at scales that are unprecedented and embed the potential to shed light 
on controls of growth at larger scales. Ultimately, combining time series at high resolution 
of remotely sensed biomass fields with models can help disentangle both plant physiology 
and demography processes at larger scales, ultimately leading to a better understanding of 
coupled biosphere–atmosphere dynamics and assessment of global forest function.
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Appendix: Data and Methods
The analysis presented here focuses on the outputs from the historical simulations of ten 
Earth System Models included in the 5th Climate Model Intercomparison Project (CMIP5) 
(Taylor et  al. 2012). From these historical scenario simulations were processed climate 
variables (temperature and precipitation), but also carbon fluxes (gross and net primary 
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productivity) and vegetation carbon pools. For each variable from each model were com-
puted mean annual values per grid cell between 1982 and 2005. These model outputs were 
always processed at the native spatial resolution of each model, but, in order to harmonize 
the spatial resolution between models, the results were aggregated to a common grid of 
intermediate resolution across models which corresponded to the native resolution of the 
NorESM1-M model (~ 1.89° × 2.5°, latitude × longitude). The aggregation was based on an 
area weighted mean per grid cell. Five of those ten models reported tree, grass and bare 
soil coverages per grid cell. These were also processed to determine the tree fraction per 
grid cell, defined as the fraction of trees over the fraction of vegetated area.
The observation-based estimates of total vegetation carbon were obtained by putting 
together spatially explicit estimates for the pantropical regions by Saatchi et al. (2011) and 
estimated for the northern and temperate forests as estimated by Thurner et al. (2014) as 
described in Carvalhais et al. (2014). Gross primary production (GPP) is based on the data-
driven estimates of Jung et al. (2011). Desert areas were excluded from the analysis, for 
the comparison between models and data, but also within models. Deserts were defined 
according to the Köppen–Geiger classification described in Kottek et al. (2006) and to a 
maximum GPP of 10 gC/m2/year. The original Köppen–Geiger classification was simpli-
fied to represent larger bioclimatic gradients, but still translating the seasonality covaria-
tion between temperature and precipitation (Table 2). For the CUE, grid cells with GPP 
values lower than 100 gC  m−2  year−1 were filtered out (Fig. 4).
The relative differences (RD) are estimated as the difference between models and 
observations normalized by observations (shown in percentage). For the RD on the ranges 
(RANGE), ranges are estimated based on the differences between P90 and P10 (Table 2). 
The correlation analysis is based on the nonparametric Spearman’s rank correlation coef-
ficient for robustness in associating variables that may not have a linear relationship. The 
same is assumed in the partial correlation analysis. Partial correlation was used to measure 
the degree of association between two variables, controlling for the covariation between 
the dependent variable and a second independent covariate (Table 3).
Brief Glossary
Carbon pool is the representation of a reservoir of carbon that can match plant organs (e.g., 
leafs, stems or roots) or soil reservoirs (e.g., litter or humus). Carbon pools are usually 
divided according to their physical or chemical (or both) properties, e.g., according to the 
function that the pools have, or the average time span of particles in that pool, or to the 
vertical locations in the soil. Different models can have different sets of carbon pools, e.g., 
some can represent branches, others the division between fine and coarse roots) and the 
representation of the processes that control gains and losses in those pools can also change 
between models (Rodhe 1992). A carbon pool operates as a carbon sink (or source) when it 
accumulates (or loses) carbon in time.
CMIP5-the Coupled Model Intercomparison Project, phase 5—is a worldwide collec-
tive activity that involves modeling teams that investigate the dynamics of the Earth Sys-
tem via global coupled ocean–atmosphere general circulation models (GCMs). The pro-
ject designs harmonized modeling experiments to investigate potential impacts of climate 
change scenarios on the land, oceans and atmosphere of the Earth (Taylor et al. 2012).
Ecosystem service is a direct or indirect benefit that originates from the presence and 
functioning of an ecosystem (Chapin et al. 2006; Schulze 2006).
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Earth System Model-ESM-is a numerical simulation environment that represents the 
changes in space and time on the three larger domains in the Earth system—land, ocean 
and atmosphere.
GPP—gross primary productivity—is the flux of carbon from the atmosphere to the 
ecosystem mediated by photosynthesis (Chapin et al. 2006; Schulze 2006).
Model ensemble is a dataset consisting of outputs from several different models, or of 
model outputs with different parameterization or initialization settings. Here, the model 
ensembles refer to datasets originating from different models ran with the same forcing 
conditions (either ESMs or just global vegetation models).
NEP—net ecosystem productivity—is the net flux of carbon between the ecosystem and 
the atmosphere that results from the balance between GPP and RECO. Oppositely to NEE 
(net ecosystem exchange), NEP is defined as a difference between GPP and RECO, mean-
ing that the ecosystem gains carbon when NEP is positive (Chapin et  al. 2006; Schulze 
2006).
NPP—net primary productivity—is the net flux of carbon that results from the balance 
between GPP and the autotrophic respiration flux (Chapin et al. 2006; Schulze 2006).
RECO—ecosystem respiration—is the flux of carbon between an ecosystem and the 
atmosphere that integrates all the respiratory fluxes, i.e., decomposition fluxes (hetero-
trophic respiration) and plant (autotrophic) respiration (Chapin et al. 2006; Schulze 2006).
Carbon turnover time can be roughly defined as the average time that one particle 
spends in an ecosystem pool since it is assimilated until it is released (Rodhe 1992).
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